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Abstract 
The model of p-xylene (PX) oxidative side -reaction was proposed in this paper. Variables that influence the 
oxidative side-reaction had been studied using principal component analysis method based on the on-line data, the 
dominant factors were six. The Neural network technique was employed to model the relationship between the main 
operation conditions (i.e. residence time, reaction temperature and catalyst concentration) and the content of carbon 
dioxide in the reaction off-gas based on the factors. Furthermore, put forward the combustion expanse model of acetic 
acid and PX. And the sum squared error of the obtained model is 3.75%. 
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1. Foreword 
PTA (PTA) is an important raw material of polyester fiber and plastic. Polyethylene terephthalate (PET) 
can be obtained from PTA and polyethylene glycol through a directly polycondensation process. As 
thermoplastic polyester, PET has extensive application in many areas. Meanwhile, as the largest output of 
dicarboxylic acid, terephthalic acid (TA)’s demand is great in the world. TA can be obtained from PX 
through a Liquid-phase catalytic oxidation action in AMOCO process, in which catalyst is Co and Mn, 
promoter is Br, and solvent is acetic acid (HAc) [1~2]. In addition to the main response, PX oxidative is a 
complex chemical reaction accompanied by a large number of side-reaction. Burning of HAc and PX is 
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the principal side-reaction, whose main product is the carbon oxygen compounds, mainly as CO and 
CO2[3~5].Besides the production losses of HAc and TA, by-products of HAc and PX oxidative side –
reaction can lead to catalyst deactivation. Meanwhile, macromolecule side-reaction formed by the 
burning of PX can damage the quality of TA and PTA., and limit the mother liquor circulation. Thus not 
only caused a drop in the quality of products, but also caused an increase in the consumption of catalyst 
and promoter.  
In this paper, a model of PX oxidative side -reaction was studied on the base of the plants in Yang Zi 
Petrochemistry Company (YPC) to provide basis for the optimization of operation parameters and the 
reform of production process. 
2. Auth Mechanism of PX oxidative side-reaction 
PX oxidative reaction is in the condition of high temperature, excess oxygen and high-intensity stir. At 
the same time of main response, PX and HAc will partly combust to carbonic oxide (CO), carbonic 
dioxide (CO2) and water according to the following reactive: 

        (1) 
       (2) 
Generally, in the industrial operation condition, CO, CO2 and methyl acetate are the by-products of the 
HAc’s burning which losses HAc about 2% of its circulation. Carbon oxides and other by-products of PX 
burning make up about 2% of its feedstock. Cox from the burning of HAc account for 60%, in which 
contain CO and CO2 about 60%, while Cox from the burning of PX is 40%, in which CO and CO2 is 
75%[6]. 
In the process of PX oxidation, a certain oxidation depth is requested in order to reach some 
conversion and absorption rate, especially reduce the concentration of 4-CBA.Over oxidation should be  
controlled because it can make HAc ,4-CBA and its by-products further oxidation to CO2 and H2O.  
The most important factors  influent side-oxidation are: reaction temperature˄ 1x ˈć˅, solvent ratio
˄ 2x ˈKg.HAc/Kg.PX˅, Co concentration˄ 3x ˈwt%˅, Mn concentration˄ 4x ˈwt%˅, Br 
concentration˄ 5x ˈwt%˅ and reaction time˄ 6x ˈs˅. These operation parameters not but control 
PX oxidation reaction, but also affect HAc and PX side-oxidation reaction [7~9]. 
3. Neural network model of side-reaction  
3.1. Methods of Neural network modeling  
Multilayer feedforward network trained by Back propagation (BP) algorithm is the most widely used 
structure in the field of process control. Its structure is as shown in fig1[10]. 
It has L layers neurons in the structure, begin with input layer, end of output layer, others are hidden 
layer. Hypothesis that these are 1j
N
 neurons in the 1j  layer, modeling of each neural can be 
obtained based on Fig 1. 
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Fig.1 Neural network structure diagram 
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In the above formula, pjk
y
is the sum output of the k neuron in the j layer based on the p samples.  
pjkx  is the function output of the k neuron in the j layer based on the p samples. jki
w
 is the connection 
weight between the i neuron in the j-1 layer and the k neuron in the j layer. 0jk
w
 is the threshold of the k 
neuron in the j layer.  xf  is the nonlinear activation function .   
  A series of weights and threshold are obtained through training study constantly by the network to 
make output vector consistent with the expected output vectors in each input vector. That is, error-energy 
function (5)of the network is minimum. 
 
2
12
1¦¦
 
 
p
N
k
plkpk
L
E xo              (5) 
pko  is the expected output of the k neuron in output layer based on the input vector of the p samples.  
3.2. Modeling COx in tail gas of side-oxidation 
3.2.1 Neural network Modeling of COx 
The relation of COx and operation parameters is highly nonlinear because of the complex effect and 
interaction in influence factors. In this paper, a side-oxidation modeling is proposed based on a three-
layer forward Propagation Neural Network using SIGMOID as activation function. LM (Levenberg-
Marquardt) optimization algorithm is applied to train the network, determined the construction is 6*5*1, 
transfer function is tansig, transfer function of output layer is purelin. Figure 2 show the construction. 
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The network input are reaction temperature˄ 1x ˈć˅, solvent ratio˄ 2x ˈKg.HAc/Kg.PX˅, Co 
concentration˄ 3x ˈwt%˅, Mn concentration˄ 4x ˈwt%˅, Br concentration˄ 5x ˈwt%˅ and 
reaction time˄ 6x ˈs˅. The network output is the content of CO and CO2 (ɎCOX) in the tail gas.


Fig.2 Neural network model block diagram of oxidative degree 
3.2.2 Data collecting and processing 
Multi-group field data were collected form the data-acquisition system, including [x1,x2,x3,x4,x5, 
x6,ɎCOX] in each group. The dates collected can't reflect the real process because of the random error 
and gross error. So they can't used to decide and guide production. In order to obtain reasonable dates and 
enhance efficiency of neural networks, it is necessary to pretreat the collected dates to eliminate its 
redundancy, simplified network and shorten training time.  
(1)  Normalization processing [11]
Input vector of network are normalized using formula (6). 

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ix  is actual measuring of the i  factor. isx , normalized data of the i  factor, is the input of network. 
> @ii xx maxmin ,  is the range of the i  factor, after normalized is [0,1]. 
(2) Principal component analysis of samples [12]
Principal component analysis (PCA) is a mathematical procedure that uses an orthogonal 
transformation to convert a set of observations of possibly correlated variables into a set of values of 
uncorrelated variables called principal components. The number of principal components is less than or 
equal to the number of original variables. This transformation is defined in such a way that the first 
principal component has as high a variance as possible (that is, accounts for as much of the variability in 
the data as possible), and each succeeding component in turn has the highest variance possible under the 
constraint that it be orthogonal to (uncorrelated with) the preceding components. Principal components 
are guaranteed to be independent only if the data set is jointly normally distributed. PCA is sensitive to 
the relative scaling of the original variables.  
PCA is mathematically defined as an orthogonal linear transformation that transforms the data to a new 
coordinate system such that the greatest variance by any projection of the data comes to lie on the first 
coordinate (called the first principal component), the second greatest variance on the second coordinate, 
and so on. 
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Define a data matrix, TX , with zero empirical mean (the empirical (sample) mean of the distribution 
has been subtracted from the data set), where each of the n rows represents a different repetition of the 
experiment, and each of the m columns gives a particular kind of datum (say, the results from a particular 
probe). (Note that what we are calling TX  is often alternatively denoted as X itself.) The singular value 
decomposition of X is ¦ TVWX , where the m × m matrix W is the matrix of eigenvectors of TXX , 
the matrix Ȉ is an m × n rectangular diagonal matrix with nonnegative real numbers on the diagonal, and 
the n × n matrix V is the matrix of eigenvectors of XX T . The PCA transformation that preserves 
dimensionality (that is, gives the same number of principal components as original variables) is then 
given by: 
V is not uniquely defined in the usual case when m < n í 1, but Y will usually still be uniquely defined. 
Since W (by definition of the SVD of a real matrix) is an orthogonal matrix, each row of YT is simply a 
rotation of the corresponding row of TX . The first column of TY  is made up of the "scores" of the cases 
with respect to the "principal" component, the next column has the scores with respect to the "second 
principal" component, and so on. 
If we want a reduced-dimensionality representation, we can project X down into the reduced space 
defined by only the first L singular vectors, LW : 
¦  L TTL VXWY  where mLtheIwithI mLL mL u uu ¦¦  rectangular identity matrix.  
The matrix W of singular vectors of X is equivalently the matrix W of eigenvectors of the matrix of 
observed covariance TXXC  , 
TTT WWXX ¦¦  
Given a set of points in Euclidean space, the first principal component corresponds to a line that passes 
through the multidimensional mean and minimizes the sum of squares of the distances of the points from 
the line. The second principal component corresponds to the same concept after all correlation with the 
first principal component has been subtracted out from the points. The singular values (in Ȉ) are the 
square roots of the eigenvalues of the matrix TXX . Each eigenvalue is proportional to the portion of the 
"variance" (more correctly of the sum of the squared distances of the points from their multidimensional 
mean) that is correlated with each eigenvector. The sum of all the eigenvalues is equal to the sum of the 
squared distances of the points from their multidimensional mean. PCA essentially rotates the set of 
points around their mean in order to align with the principal components. This moves as much of the 
variance as possible (using an orthogonal transformation) into the first few dimensions. The values in the 
remaining dimensions, therefore, tend to be small and may be dropped with minimal loss of information. 
PCA is often used in this manner for dimensionality reduction. PCA has the distinction of being the 
optimal orthogonal transformation for keeping the subspace that has largest "variance" (as defined above).  
3.2.3 Neural network training 
The samples are normalized and PCA to obtain the dates as input and output vectors of the network. 
Training sample set, cross-validation sample set and testing sample set are even selected from the 
processed data, each 1/3. The network training uses the method of early stopping. In Fig3, we can see that 
validation error consistent with test error, showing the samples divinization is reasonable.  
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Fig.3 The change of squared error 
Simulation analysis study on the training, and linear regression analysis researched between output and 
target show the network performance is well. Its correlation coefficient is 0.963. See Fig4. 
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Fig.4 The analysis result of network output 
3.3. Side-oxidation modeling of HAC and PX
Consummation modeling of HAc and PX are obtained based on the model of COx. The side-oxidation 
modeling of HAc is: 
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XCO
x : total content of CO and CO2 in tail gas 
HAcx : percentage of COx produced by HAc side-oxidation in the total content of COx in tail gas ˄%˅ 
xCO
HAcm : percentage of COx produced by HAc side-oxidation in Side reaction products ˄%˅ 
 Ranran Liu and Zhengming Li /  Physics Procedia  25 ( 2012 )  407 – 414 413
gasm :  exit gas velocity in reactor˄FT3/Hr˅ 
CTAm :output of CTA˄t/Hr˅ 
Molecular weight of HAc: 60 ˄g/mol˅ 
consume
HAcm :consume of HAc˄Kg/t.CTA˅ 
PXx : percentage of COx produced by PX side-oxidation in the total content of COx in tail gas˄%˅ 
xCO
PXm : percentage of COx produced by PX side-oxidation in Side reaction products ˄%˅ 
Molecular weight of PX˖106 ˄g/mol˅ 
consume
PXm : consume of PXďKg/t.CTAĐ 
The percentage of HAcx ,
xCO
HAcm ǃ PXx  and 
xCO
PXm is 60,75,40 and 60. gas
m
 and CTAm  are obtained 
through the production dates. 
4. Impaction to side-oxidation of operating parameters
An impact model of operating parameters and side-oxidation of HAc and PX is presented. The 
impaction of each operating parameters (Co, Mn, Br, reaction time, reaction temperature etc) to side-
oxidation is analyzed in the model.  Shows in Fig5~Fig9). 
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Fig.5 Effection of Co concentration on oxidative side-reaction  Fig.6 Effection of Mn concentration on oxidative side-reaction 
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Fig.7 Effection of Br concentration on oxidative side-reaction Fig.8 Effection of reaction temperature on oxidative side-reaction
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Fig.9 Effection of reaction temperature on oxidative side-reaction
From the Figs, it can be seen that the impaction of reaction temperature is greatest, reaction time is 
greater, and others is less. Quantitative analysis of the impaction can be obtained from the figs, to guide 
the operating parameters’ adjustment and optimization. 
5. Conclusion
A neural network was proposed with processing parameters (reaction temperature, solvent ratio, Co 
concentration, Mn concentration, Br concentration and reaction time) as independent variable and total 
content of CO and CO2 as dependent variable. Furthermore, HAc and PX side-oxidation models were put 
forward. The sum-squared error of the model is 3.7ˁ. Impaction of HAc and PX consume was analyzed 
based on the network. Result is that the impaction of reaction temperature is greatest and others are less. 
References 
[1] Prengle Jr H W,Barond N. Make Petrochemicals by Liquid Phase Oxidation [J]. Hydrocarbon Process, 1970a, 49(3):106. 
[2] Prengle Jr H W,Barond N. Make Petrochemicals by Liquid Phase Oxidation(2).Kinetics,Mass Transfer and Reactor Design 
[J]. Hydrocarbon Process,1970b,49(11):150. 
[3] Chunyang Zhang. Optimization of the oxidation process parameters of PTA reduces the consumption of acetic acid[J]. 
Polyester industry,1999,12(3):39-42. 
[4] Yun Ming. Analysis of reducing PX consumption in PTA production[J]. Polyester industry,2002,15(5):35-37. 
[5] Dehua Wu, Chao Huang,Wenge Wu. Optimization of TA technology to reduce the consumption of acetic acid[J]. Polyester 
industry,2000,13(2):37-40. 
[6] Jingmian Sun. Polyester ProcessüThe PET device technical data assembly[Z].Beijing: Chemical Industry Pressˈ1985 
[7] Cao G,M,Morbidelli M. A Lumoed Kinetic Model for Liquid-Phase Catalytic Oxidation of p-Xylene to Terephthalic Acid [J]. 
Chemical Engineering Science, 1994, 49(24B):5775-5783. 
[8] Cincotti A, Orru A, Cao G. Effece of Catalyst Concentration and Simulation of Precipitation Processes on Liquid-Phase 
Catalytic Oxidation of p-Xylene to Terephthalic Acid [J]. Chemical Engineering Science, 1997, 52(21/22):4205-4213. 
[9] Cincotti A, Orru A, Cao G. Kinetics and Related Engineering Aspects of Catalytic Liquid-Phase Oxidatio-n of p-Xylene to 
Terephthalic Acid [J]. Catalysis Today, 1999, 52:331-347 
[10] Jackson J E.A User’s Guide to Principal Components [M ]. NewYork:JohnWiley, 1991. 
[11] Jasmin Raissy. Torus Actions in the Normalization Problem [J]. Journal of Geometric Analysis, Volume 20, Number 2, 
472-524. 
[12] Ahmed Oirrak.  Affine invariant descriptors using principal components analysis [J]. Pattern Recognition and Image 
Analysis, Volume 18, Number 1, 14-22. 
consum
e of PX
 K
g.H
A
c/t.C
TA
 
The reaction temperature˄ć˅ 
consum
e of PX
 K
g.H
A
c/t.C
TA ?
level˄ˁ˅ 
